Introduction
Thyroid hormone physiology and mode of action Thyroxine (T 4 ) and 3,3′,5-triiodo-l-thyronine (T 3 ), the main secretion products of the thyroid gland, are critical for proper development and function of almost all tissues (Yen 2001) . Serum concentrations of T 4 and T 3 are controlled by a classical endocrine feedback loop. Thyrotropin (TSH)-releasing hormone is the hypothalamic stimulus for the pituitary, which subsequently releases TSH stimulating the thyroid gland (the hypothalamic-pituitary-thyroid (HPT) axis). An increase in circulating thyroid hormones (THs) in turn causes suppression of synthesis and release of both TRH and TSH, which in turn suppress TH secretion from the thyroid. Due to their highly hydrophobic nature, only a minor part of TH, considered the bio-active pool, circulates not bound to proteins (e.g. <0.05% of T 4 ; free T 4 (FT 4 )) (Yen 2001 , Visser 2013 ).
One of the most important findings in TH research during the last decades was the identification of specific transporters, in particular, monocarboxylate transporter 8 (MCT8), mediating the cellular uptake of TH (Visser 2013) . Although T 4 is more abundant in blood, T 3 is considered the major metabolic hormone due to its higher affinity for nuclear receptors and is intracellularly generated from T 4 by deiodination. Besides activation, further deiodination, yielding 3,3′-T 2 or 3,5-T 2 , is predominantly considered a mode of inactivation. However, at least for 3,5-T 2 independent effects complementing those of T 3 have been reported (for review see Moreno et al. 2017) . Briefly, treatment with 3,5-T 2 attenuated or even prevented adverse consequences of a high-fat diet,Note, that the absence of thyrotoxic side effects of 3,5-T 2 treatment could not be replicated in other animal models (Jonas et al. 2015 , Lietzow et al. 2016 . In summary, apart from secretion from the thyroid gland tissue-specific action of T 3 is achieved by specific expression patterns of the deiodinase-encoding genes (Bianco 2011) .
Human metabolism is crucially dependent on adequate TH action, among others being integral for lipid and glucose metabolism or thermoregulation. TH mediates their effects by different modes of action and with reference to Flamant and colleagues can be grouped as follows (Flamant et al. 2017) : (1) Binding to two different nuclear TH receptors (TRs) encoded by the genes THRA and THRB both being bound to a TH-responsive element (TRE) on a DNA strand. (2) Binding to TRs without consecutive binding to a TRE but tethering to other transcription factors. (3) Binding to TRs without subsequent DNA binding but initiation of intracellular signal cascades involving PI3 kinases and (4) TR-independent effects, e.g. via binding to plasma membrane receptors like ανβ3 integrins.
Thyroid disorders
Thyroid disorders are among the most common diseases of the endocrine system. Apart from clinical symptoms, biochemical tests, i.e. determination of TSH and FT 4 in blood represent the most widely used screening tool for a suspected thyroid disorder and monitoring of treatment (Jonklaas et al. 2014 , Ross et al. 2016 . Hypothyroidism, a state of inadequately low thyroid function, is diagnosed by an elevation of TSH in combination with low serum concentrations of FT 4 . Hyperthyroidism, on the other hand, is characterized by low TSH and high FT 4 serum concentrations. Clinical symptoms, such as hyperactivity or anxiety in case of hyperthyroidism as well as cold intolerance, fatigue or bradycardia in case of hypothyroidism, are often too unspecific to contribute to the diagnosis of thyroid disorders. This holds true in particular for subclinical alterations, e.g. suppressed/high TSH and unremarkable FT 4 (Franklyn & Boelaert 2012) . Even the biochemical diagnosis is hampered by a number of drawbacks. Serum TSH has a broad reference range in the general population, which is in stark contrast to the tight individual set point of TH regulation (Andersen et al. 2002) . A number of studies associated adverse clinical outcomes, especially with respect to the cardiovascular system and bone metabolism, with alterations of TSH or FT 4 still within the reference range (for review see Biondi & Cooper 2008) . Interestingly, over-treatment of hypothyroidism is the most common exogenous cause of (subclinical) hyperthyroidism (Biondi & Cooper 2008) . This emphasizes the need for more adequate instruments in diagnosis and treatment of thyroid disorders. Additionally, a number of rare clinical conditions aggravate the interpretation of thyroid function tests (Gurnell et al. 2011) . Mutations in THRB, e.g. cause loss of function of the TRβ (resistance to THs β (RTHβ)) and, hence, impede the negative feedback regulation of THs on the HPT axis, in turn resulting in elevated concentrations of both TSH and FT 4 (Gurnell et al. 2011) .
OMICs techniques as translational and explorative tools
Most of the recent advances in TH research are based on cell culture, tissue or animal models or stem from studies limited to specific hypotheses in humans. Approaches for the comprehensive, hypothesis-free characterization of metabolic effects of classical and non-classical TH in human are urgently needed. OMICs technologies hold great promise in this regard. Advances in technology now allow for the exhaustive determination of biomolecules in a variety of physiological levels, comprising but not limited to the genome, the transcriptome, the proteome or the metabolome (Fig. 1) .
A main advantage of OMICs techniques is their unbiased approach. Comprehensive analyses are frequently performed with genome-or metabolomewide coverage (GWAS and MWAS, respectively). They pave the way for new discoveries including genetic determinants of TH action and regulation, identification of TH target genes or more in-depth characterization of molecular alterations related to TH effects. Findings from OMICs studies are of clinical value as they aid in constructing the needed diagnostic tools for uncertain thyroid disorders, e.g. in case of monogenetic causes (RTHβ) or to monitor adequate hormone replacement therapy by keeping track of peripheral adaptations to the altered thyroid state.
most important findings about the polygenic basis of thyroid disorders are summarized.
In total, 37 genomic loci have been identified which either increase the risk for thyroid disorders or affect parameters of thyroid function. Such loci harbor genes encoding enzymes directly involved in THs metabolism, e.g. DIO1 or transport, e.g. MCT8, transcription factors, e.g. FOXE1, and growth factors crucial for thyroid development, as well as proteins related to signaling along the HPT axis, e.g. TSHR. Based on SNVs at the DIO1 and DIO2 loci, several studies on clinically relevant phenotypes including bone and neurocognitive disorders were performed. Notably, these studies showed associations independent of circulating TH (Medici et al. 2015) .
GWAS investigating hypothyroidism pinpointed several genes previously implicated in autoimmune disorders, e.g. the HLA class I region, PTPN22, SH2B3 or VAV3. Similar holds true for GWAS results on hyperthyroidism including Tg, GPR174-ITM2A, the C1QTNF6-RAC2 locus, SLAMF6 or the 6q27 and 14q32.2 loci. These results were confirmed by TPO antibody measurements (Medici et al. 2014) . Given the frequent autoimmune origin of both disorders, these results are supportive of the current state of knowledge but did not lead to seminal new discoveries. Nevertheless, due to their hypothesis-free character, GWAS also allow for unexpected, novel findings. Among the loci associated with hyperthyroidism, a variant within the ABO locus has been identified, whose exact role in thyroid autoimmunity or hyperthyroidism is yet to be elucidated. One of the most strongly associated loci is PDE8B encoding a phosphodiesterase involved in the degradation of cAMP, which is crucial for the TSHinduced signal transduction in thyrocytes. A number of loci could not be related to pre-existing knowledge of thyroid function, e.g. AADAT, MAF or MBIP, and further experimental efforts or integration of other OMICs layers are required to uncover their role.
Despite the effect sizes of SNVs being very small, explaining typically less than one percent of the variation in the phenotype of interest, the cumulative effect of many associated SNVs reaches up to 20% explained variance (Taylor et al. 2015) . This reflects the polygenic basis of thyroid disorders and may explain the huge inter-individual variation of TSH and FT 4 throughout the general population compared to tight changes within each individual.
In summary, GWAS empower researchers to pinpoint the most promising candidate genetic variants to be investigated in follow-up studies.
Transcriptomics
Despite the strong hurdles to obtain human tissue biopsies, non-targeted gene expression studies revealed a strong tissue-depending gene expression pattern following TH treatment using array-based techniques in muscle biopsies (Clement et al. 2002 , Visser et al. 2009 ), adipocyte explants (Viguerie et al. 2002) or fibroblasts (Moeller et al. 2005) , and more recently, whole blood samples from athyroid patients analyzed by next-generation sequencing (Massolt et al. 2017) (Table 1) . Clement et al. (2002) were the first to analyze gene expression in skeletal muscles from healthy human males treated with T 3 for 14 days. In line with the known role of TH to induce gene transcription, 381 genes were upregulated and only two were downregulated. Out of these, a significant amount is critical for proper function of skeletal muscle. The enrichment of genes belonging to the ubiquitin/proteasome pathway responsible for the non-lysosomal degradation of intracellular proteins supports the pronounced proteolysis observed under thyrotoxic conditions (Riis et al. 2008) . Further, T 3 treatment-induced transcription of genes controlling skeletal muscle metabolism, i.e. being central for glycogen synthesis (e.g. glycogen-branching enzyme), the respiratory apparatus (e.g. NADH:ubiquinone oxidoreductase) or the tricarboxylic acid (TCA) cycle (pyruvate dehydrogenase) and several transcription factors such as transcription elongation factor B.
Increased abundances of several genes belonging to adhesions complexes were interpreted as T 3 -induced remodeling of skeletal muscle cells.
Complementary to Clement and coworkers, Visser et al. (2009) identified 607 differentially expressed genes (DEGs) in muscle biopsies from athyroid patients on and off levothyroxine (L-T 4 ) treatment. Notably, only 7% of the genes were overlapping with the study by Clement et al. Despite using the same tissue (vastus lateralis), the most likely explanations for the missing overlap arises from different array technologies used, covering ~24K probes (Clement et al. 2002) vs ~55K probes (Visser et al. 2009) , and the different conditions of the participants (experimental thyrotoxicosis (Clement et al. 2002) vs withdrawal of L-T 4 in athyroid patients). A significant amount of the identified DEGs (40%) was downregulated under euthyroid conditions, emphasizing the important role of negative TH regulation of transcription. Many DEGs were again involved in energy and fuel metabolism while 43 were reported in the context of TH action for the first time. It is worth noting that even a number of TH targets known from animal models, e.g. ME1-encoding malic enzyme, showed no differential expression. In other words, the authors highlighted the discordance between in vitro or animal studies and the human situation. A completely novel finding was a strong downregulation of the noncoding microRNA pair miR-206/ miR-133b. MicroRNAs are important post-transcriptional regulators of gene expression (He & Hannon 2004) . They mostly exert negative regulation and indeed a significant overlap between predicted miR-133b targets and downregulated DEGs was found. In a later study (Massolt et al. 2017) , the authors investigated whole blood gene expression. Although they found only little overlap with their previous work (attributed to the specific role of TH in hemostasis), they identified a novel cluster of snoRNAs that were downregulated in response to THs. Hence, non-protein-coding RNAs may provide a new layer of regulation of metabolic TH actions in target tissues.
Tissue-specific gene expression patterns following TH treatment were further observed in human adipocyte explants (Viguerie et al. 2002) , cultured fibroblast (Moeller et al. 2005) and circulating whole blood (Massolt et al. 2017) . Briefly, T 3 treamtent of human adipocyte explants changed the expression of 19 genes (13 upregulated and 6 downregulated) (Viguerie et al. 2002) . Importantly, the study confirmed the indirect effect of TH on lipolysis through upregulation of β2-adrenergic receptors and hence increased sensitivity to catecholamines. The lipolytic character of the T 3 -treated adipocytes was further emphasized by downregulation of the sterol regulatory element-binding protein-1c, a central transcription factor for lipogenic enzymes. Moeller et al. (2005) investigated a TRβ-dependent effect of T 3 treatment in human skin fibroblasts. None of the 91 positively regulated genes in fibroblasts from healthy donors was differentially expressed in T 3 -treated fibroblasts derived from RTHβ patients. In contrast, the suppressive effect of T 3 treatment, e.g. on FGF7 and ADH1B, remained unaffected in RTHβ-derived fibroblasts.
Transcriptional action of TH requires their cellular uptake by, among others, MCT8 (Visser 2013) . Consequently, gene expression profiles in fibroblast obtained from MCT8-deficient patients strongly differed from control samples (Table 1) in particular strongly exceeding the effect of T 3 treatment (Visser et al. 2010) . The authors compared DEGs from their own study with freely accessible whole-genome expression data from human brain tissues searching for MCT8-coexpressing genes. In doing so, they demonstrated how genomewide expression data from patient-derived cells related to the human brain transcriptome could be employed to improve the understanding of this disease (Visser et al. 2010) .
In summary, gene expression or transcriptomic studies in humans suggest a pleiotropic panel of genes putatively regulated by TH and the tissue-dependent effects clearly indicate the need to monitor TH replacement therapy on a more detailed level than in current clinical practice. Further, crude comparison of TH-induced gene expression patterns between human and in vitro or animal studies with respect to skeletal muscle indicates a discordance emphasizing the desperate need for human studies. The latter are of particular importance as intensively studied tissues in rodent models, e.g. the liver (Feng et al. 2000 , Flores-Morales et al. 2002 , lack human equivalents.
Proteomics
The long half-life of proteins and their tight coupling to pathophysiology makes them promising candidates for biomarkers. Consider, e.g. the determination of TSH to monitor adequate secretion of TH. Despite the benefits of plasma proteomics, its application in biomarker research in general and thyroid research in particular is still limited (Geyer et al. 2017 , Alfadda et al. 2018 . The major challenge in plasma proteomics is the great dynamic range covering about ten orders of magnitude from highly abundant albumin (~0.6 mol/L) to low-abundant TSH (~5 pmol/L) (Hortin & Sviridov 2010) . Recent advances in mass spectrometry (MS) have made it possible to profile 100s to 1000s of proteins at once (see Geyer et al. 2017 for a comprehensive review).
One study used non-targeted MS-based plasma proteomics analyses in a human model of thyrotoxicosis (N = 16) to follow the shifts in the plasma proteome during a long-term (8 weeks) L-T 4 treatment (Engelmann et al. 2015 . Remarkably, no subjective clinical symptoms were reported by the volunteers (Gottlich et al. 2015) . However, we identified three protein signatures namely decreased abundance of apolipoproteins (APOD, APOB and APOC-III) as well as increased abundances of proteins related to the coagulation cascade and the complement system. Briefly, the drop in apolipoproteins can be explained by a TH-dependent increase in the expression of the genes encoding the LDL and HDL receptors since the former are components either of LDL (APOB; Dominiczak & Caslake 2011) or HDL (APOD and APOC-III; Dominiczak & Caslake 2011) particles.
Concordant with a hypercoagulable state frequently observed in hyperthyroid patients (for review see Stuijver et al. 2012) , there was an increased abundance of coagulation factors V, II, XI and XIII already after 4 weeks of L-T 4 treatment (Engelmann et al. 2015) . This prothrombotic state seemed to rely on signaling through TRβ (Elbers et al. 2016) , as there was no increase in coagulation factors in RTHβ patients.
Previous studies reported contradictory behavior of the complement system in response to TH concentration changes (Yu et al. 2006 , Zhang et al. 2008 , Jafarzadeh et al. 2010 , Potlukova et al. 2010 , Hooper et al. 2012 . For the first time, detailed coherent data about the increased abundance of multiple proteins related to the complement system has been presented . However, a comparable study (Hooper et al. 2012) observed no alterations in serum C3 levels (and coagulation factors) after 2 weeks of L-T 4 application. Moreover, endogenous hypothyroidism has been characterized by increased abundance of complement proteins using a plasma proteomic approach (Alfadda et al. 2018) . Hence, this seems to be a mid-to long-term effect with a U-shaped association with respect to the thyroid state.
Metabolomics
THs affect diverse aspects of human metabolism and metabolomics techniques are ideally suited to map and connect these effects in a hypothesis-free manner. Figure 2 provides a sketch summarizing important findings from metabolomics studies with respect to TH effects.
A very heterogeneous set of small molecules is summarized under the term metabolome. The metabolome includes highly abundant species like carbohydrates, lipids or amino acids but also less abundant molecules like organic acids. They originate either from endogenous metabolism, exogenously, e.g. from nutrition, medication or life style (e.g. smoking) as well as from microbiota. They fulfill diverse functions, ranging from signal transduction to energy fuels (Psychogios et al. 2011 , Bouatra et al. 2013 . In the context of OMICs technologies, metabolomics can be regarded closest to the phenotype of interest reflecting complex interactions between genetics, environment, lifestyle or even medical treatment in so-called 'metabotypes' (Holmes et al. 2008b) . In other words, metabotypes could be seen as intermediate or subclinical phenotypes enabling identification of subjects at high risk for metabolic diseases with still undetectable shifts in classical clinical parameters. Consider, e.g. the accumulation of branched-chain amino acids in plasma of incident type 2 diabetes patients (Wang et al. 2011) . Metabolomics is not only suited to improve diagnostics. The identification of novel (patho)physiological mechanisms, like the role of formate in the progression of hypertension (Holmes et al. 2008a) , and the extension of the knowledge about the metabolic implication of endogenous modulators like TH provide key aspects of basic medical research.
Methodological considerations
The complex structure of the metabolome poses a tremendous challenge. Several spectroscopic techniques are employed to provide a comprehensive readout of the metabolome. The two most important being 1 H-NMR spectroscopy and MS mostly coupled with either liquid (LC) or gas chromatography (GC) (Bictash et al. 2010 , Dunn et al. 2011 . Briefly, 1 H-NMR spectroscopy distinguishes by high reproducibility and minimal sample preparation, whereas MS distinguishes by higher sensitivity, capturing a broader set of metabolites at the cost of being non-quantitative.
It is worth noting, that both techniques are rather complementary than redundant (Psychogios et al. 2011 , Bouatra et al. 2013 ) and integration of metabolite data from both platforms is of particular interest. However, a number of factors put a strong constrain on the applicability of multi-platform approaches, including high costs, availability of devices or the sample volume/ material obtained. Hence, up to now, only one recent study (Lange et al. 2018) took advantage of such a comprehensive profiling with respect to thyroid research and the vast majority of studies employ either NMR or MS. Simplified sketch summarizing the most prominent findings from metabolomics studies in the context of TH research. Metabolites marked in bold were significantly associated in one of the studies listed in 'Metabolomics' section. Enzymes that are transcriptionally regulated by thyroid hormones are depicted in yellow. Line types indicated either a positive or inverse relation with serum thyroxine. AA, amino acid; ADRB2, β2-adrenergic receptor; Apo, apolipoprotein; CPT-1/2, carnitine palmitoyltransferase I/II; DDH, dimethyl arginine dimethyl amino hydrolase; GCL, glutamate cysteine ligase; GGT, γ-glutamyl transpeptidase; HSL, hormone-sensitive lipase; LDLR, LDL receptor; NRF2, nuclear factor (erythroid-derived 2)-like 2; ROS, reactive oxygen species; SRB1, scavenger receptor class B member 1; TH, thyroid hormone; UCP3, uncoupling protein 3.
Population-based approaches
Most of the metabolomics studies up to now were conducted as population-based studies seeking for linear relationships with either TSH or FT 4 and metabolite levels ( Table 2 ). They confirmed the pleiotropic impact of TH on not only lipid and amino acid metabolism but also nutritional behavior. Importantly, FT 4 was the predominant marker and TSH concentrations were not able to mirror the biochemical changes seen with FT 4 . Compared to tight clinical settings, such approaches allow for coping with bystander effects, i.e. confounding of other variables.
The first comprehensive profiling of TH-associated changes in the metabolome in an epidemiological setting investigated the associations between serum concentrations of TSH and FT 4 with 151 serum metabolites determined by LC-MS in 1463 euthyroid individuals of the KORA F4 study (Jourdan et al. 2014) . A FT 4 -associated molecular signature was exclusively composed of lipid species, including an accumulation of acylcarnitines (ACs) of various chain lengths and a depletion of phosphatidylcholines with increasing serum FT 4 . Notably, there were no associations with TSH. AC species are formed as part of the β-oxidation to enable the entrance of fatty acids into the mitochondria via conjugation with carnitine (Fig. 2) . The latter step is facilitated by carnitinepalmitoyl transferases I alpha (CPT-1α) a well-known transcriptional target of TH. Hence, increased plasma ACs species might indicate a higher rate of mitochondrial respiration.
The restriction to serum samples clearly limits the potential of gaining holistic insights in TH action on human metabolism. To address this issue, we previously analyzed 1 H-NMR spectral data of 3327 urine samples from the baseline evaluation of the Study of Health in Pomerania (SHIP) (Pietzner et al. 2015a) . Besides serum TSH and FT 4 concentrations also the ratio log(TSH)/ FT 4 was included into the analysis to account for an individual set point of the HPT axis. The results revealed different metabolic profiles for TSH and FT 4 , which was partially resolved by the results of the analyses based on the log(TSH)/FT 4 ratio. These results highlighted the need for a refined assessment of individual thyroid function. Briefly, serum TSH was inversely associated with urinary excretion of tyrosine and several metabolite ratios including hippurate, whereas serum FT 4 displayed inverse associations to ethanolamine, citrate or formate as well as several metabolite ratios including methanol and amino acids (including alanine, glycine or histidine). A link to Jourdan et al. (Jourdan et al. 2014) has been provided by the strong inverse association between FT 4 and ethanolamine pointing toward a role of TH in phospholipid metabolism. Note that all of these findings are derived from a crosssectional study design not permitting insights in causal relations.
We screened similar urine metabolomics data for a molecular signature preceding shifts in TSH and FT 4 among two large population-based studies from Denmark (Friedrich et al. 2017) . Apart from otherwise confirmative results, urine levels of alanine were strongly positively associated with a shift in FT 4 concentrations during the observation period. Subjects with low urine alanine levels at baseline showed a decline of serum FT 4 in the follow-up examination. Those with high baseline levels showed stable or a slight increase of serum FT 4 at follow-up. We interpreted this association as surrogate for a metabolic demand or overload (e.g. alanine utilization in the liver), which is subsequently counteracted at least in part by adaptations in FT 4 levels. We further leveraged the metabolomics coverage of exogenous influences to highlight a dependency between urine trigonelline and FT 4 , a known surrogate marker of coffee consumption (Friedrich et al. 2017) . Another metabolite of interest was dimethylamine (also associated to TSH), which is either produced by gut microbiota or as degradation product of asymmetric dimethylarginine, a potent vasodilator (Fig. 2) .
Through combination of NMR and MS techniques, we were able to shed more light onto the tight connection between a TH-induced decrease in plasma phosphatidylcholines (Jourdan et al. 2014 ) and a mutual decrease in lipoprotein subfractions (Lange et al. 2018) . Briefly, analyses based on 952 participants revealed a lipid-rich fingerprint of FT 4 once more virtually without any TSH-related associations. The pronounced positive association between FT 4 and plasma free fatty acids (FAs) reflects the well-known lipolytic effect of TH on adipocytes in white adipose tissue (Fig. 2) . Notably, sexspecific findings were attributable to different lifestyle factors, i.e. alcohol consumption or the higher variance of TH measures among women, i.e. more frequent presence of an adverse thyroid state.
Apart from the comprehensive characterization of classical TH effects, urine metabolomics was particularly useful to exploit a possible endogenous fate of the putative T 3 -metabolite 3,5-T 2 as its endogenous relevance in humans is still a matter of debate (Pietzner et al. 2015b) . A first population-based study provided only vague evidence in relation 3,5-T 2 to glucose metabolism or the HPT axis but anticipated relations with anthropometric parameters or blood lipids could not be detected (Pietzner et al. 2015c) . However, application of urine metabolomics among 715 euthyroid subjects enabled us to partially confirm observations from animal models with respect to the oxidation of FAs (acetone as proxy for β-oxidation) and oxidative stress or detoxification of xenobiotics (pyroglutamate as intermediate in the γ-glutamyl cycle) (Pietzner et al. 2015b) . Importantly, only minor overlap with the classical markers of thyroid function became obvious, comprising trigonelline (FT 4 ) and hippurate (TSH). We presumed altered peripheral conversion of TH following coffee consumption (Friedrich et al. 2017 ) (with trigonelline and in part hippurate as surrogate markers) and high FT 4 levels might therefore align with high 3,5-T 2 levels. However, the direct relationship between 3,5-T 2 , FT 4 and trigonelline represents a matter of future research.
In summary, several population-based approaches started elucidating the metabolic map of classical markers of thyroid function and revealed novel players in the field. This facilitated translating previous results from animal studies to the humans and led to novel findings (e.g. the triangle between FT 4 -trigonelline-3,5-T 2 ). However, there are still many gaps and more comprehensive approaches employing multiple metabolomics platforms, and biofluids hold promise to gain a systematic understanding, e.g. highlighting bidirectional relationships.
Thyroid disorders and models
Until very recently, metabolomics applications in thyroid disorders were limited to hypothyroid rodent models employing different matrices, namely serum (Montoya et al. 2013 , Wu et al. 2013a , urine (Wu et al. 2013b) or cerebellum (Constantinou et al. 2011 ). The observations are in good agreement with the ubiquitous impact of TH on metabolic processes. Equivalent studies in humans (Chng et al. 2016 , Al-Majdoub et al. 2017 highlighted the tremendous potential of metabolomics to improve our understanding of thyroid disorders, in particular, TH excess and even further the usefulness to complement diagnosis of thyroid disorders.
Graves' disease
The most prominent small-molecule signature characterizing the restoration of euthyroidism after treatment for Graves' disease is a decline in plasma AC levels (Chng et al. 2016 , Al-Majdoub et al. 2017 , which is well in line with observations from population-based studies (Jourdan et al. 2014 , Lange et al. 2018 ). Yet, the quantitative impact of TH on the blood AC profile remains to be established, since observations in a small cohort (N = 12) of hypothyroid and hyperthyroid did not support strong departures in plasma AC levels from healthy controls (Wong et al. 2013) . However, the studies done by Chng et al. (2016) ) and Al-Majdoub et al. (2017) confirmed previous observations with respect to phenylalanine, tyrosine as well as TCA cycle intermediates. In general, successful restoration of euthyroidism is characterized by a less pronounced utilization of FAs for energy demands.
Experimental thyrotoxicosis
The major drawback of patients studies are the concomitantly pathophysiologic conditions of acquired hyperthyroidism like autoimmune disease. Therefore, tightly controlled experiments using generally healthy human volunteers with similar background, e.g. with respect to sex, anthropometric markers, age or medical treatment are needed to dissect the metabolic effects of TH in humans.
Only few studies, using either T 3 or a combination of T 3 and L-T 4 , have done this in a hypothesis-driven approach targeting whole-body protein turnover, energy expenditure or insulin secretion (Lovejoy et al. 1997 , Riis et al. 2008 . In contrast to populationbased findings, induction of mild hyperthyroidism altered flux of branched-chain amino acids, indicating proteolysis. Strikingly, protein synthesis, estimated from phenylalanine disposal, was increased.
More comprehensive work was done in the already introduced (see 'Proteomics' section) long-term thyrotoxicosis model using a sample of 16 healthy young male volunteers . In addition to untargeted MS-based proteomics, an untargeted MS-based metabolome analysis was performed, complemented by a variety of established laboratory assays. The resulting molecular alterations included a number of the known TH effects described earlier, demonstrating suitability of the model (Fig. 2) .
One prominent signature indicated exhaustive utilization of FAs for energy generation, and, hence respiration, with a concordant accumulation of reactive oxygen species (ROS) (Fig. 2) . A parallel increase in γ-glutamyl amino acids might be a proxy for the latter, as they are integral metabolites in the synthesis of the important anti-oxidant glutathione (Soga et al. 2011) . The increase in polyunsaturated FAs might further fit into this picture assuming structural remodeling of mitochondrial membranes, replacing saturates with unsaturated membrane lipids (Fig. 2) rendering them more resilient against lipid oxidation by ROS. Confirmatory evidence has been obtained in animal models (Hoch 1988 , Guerrero et al. 1999 .
Of particular clinical interest are discordant alterations in surrogate markers of kidney function (decrease in serum creatinine while cystatin C level rose) and increased levels of methylated arginine, a severe risk factor for cardiovascular diseases (Willeit et al. 2015) . Consequently, the evaluation of kidney function from circulating parameters in the context of thyroid disorders is severely hampered. A relationship between thyroid state and the plasma levels of asymmetric dimethylarginine align well with the observations of diminished urinary excretion of dimethylamine noted earlier (Friedrich et al. 2017 ) and the concordant decline in plasma citrulline levels within the study further fits in this context. Hence, the metabolism of asymmetric dimethylarginine is a simple example to reveal novel putatively TH-dependent pathways.
In summary, applying state-of-the-art metabolomics techniques allowed for characterization of the metabolic consequences of thyrotoxicosis in unmatched comprehensiveness. The discrepancy between the subjective well-being and massive molecular alterations indicates that clinical diagnosis of thyroid disorders might frequently miss the onset of disease by several months.
Integration within and across the OMICs layers
Gene-gene as well as protein-protein interactions form well-established biological networks. Metabolic networks, especially in urine or plasma, are far less commonly investigated. However, it could be expected that alterations in metabolic pathways translate into clusters of affected metabolites rather than in single target molecules. Further, given the high dependency among metabolomic data, it is highly unlikely that all metabolites associated with thyroid function originate from distinct (patho)physiological processes. This motivates the more integrative investigation of metabolomics together with other OMICS layers.
A data-driven approach to metabolic networks
Remodeling of metabolic networks is a highly valuable approach that allows for the aggregation of lists of metabolites in biologically meaningful clusters. For example, sex differences comprise more than one-third of the metabolome in serum and Krumsiek and coworkers were able to shrink this difference to several key metabolite clusters (Krumsiek et al. 2015) . Importantly, clusters like tyrosine comprised metabolites of different sub-pathways. Moreover, purely data-driven approaches allowed for the incorporation of exogenous, unlisted or even unknown compounds (Krumsiek et al. 2015) .
In detail, Krumsiek et al. utilized Gaussian graphical models (GGMs) to reconstruct metabolic networks in a purely data-driven manner (Krumsiek et al. 2011 (Krumsiek et al. , 2015 . A GGM consists of partial correlations, i.e. a connection (edge) between metabolites (nodes) is only drawn if the observed correlation is independent of all other metabolites in the network (Fig. 3) . In this way, the typical hairball-like structure of simple correlation networks is transformed into sparse networks. Such an approach enabled us in previous work to dissect the multiple associations seen with insulin-like growth factor 1 into a number of manageable pathways or groups of metabolites (Knacke et al. 2016) . Note that such analysis strategies strongly rely on rich data sources, e.g. population-based studies, as many observations for each metabolite are needed to reconstruct meaningful networks.
Only one of the metabolomics studies published so far (Lange et al. 2018) , exploring the relationship between bile acid metabolism and TH, utilized such an integrative approach. Nevertheless, the increasing availability of large-scale metabolomics data among population-based cohorts makes it very attractive to use this concept in the context of THs research.
OMICs integration with random forests
A major challenge for the integration of different OMICs layers is the huge diversity in data types, e.g. different range of gene and protein expression. In case of biomarker research, one is not interested in a large list comprising dozens of molecules but rather in a small but very accurate set of molecules for patient stratification, diagnosis and prognosis. Several machine-learning techniques have been developed to address problems like this. While many different approaches exist (Smolinska et al. 2012 , Xia et al. 2013 , random forests (RFs) are a widely used technique due to their high prediction accuracy, scale-invariance and their inherent measure of importance of each feature, i.e. molecule, for the prediction (Breiman 2001) .
Briefly, an RF is an ensemble of individual decision trees (Breiman 2001) . For all practical purposes, a decision tree is a simple tree-shaped model that recursively splits its input data into sub-groups. Each split aims for making the resulting sub-groups as 'pure' as possible. That is, one tries to achieve sub-groups in which all samples have the same label or value of interest. As the impurity of a set can be measured, e.g. by the Gini-impurity (Breiman et al. 1984) , the importance of features can be derived from the decrease in impurity due to the current split. An RF draws its strength from each tree being trained on a bootstrapped subset of the complete data and each split choosing features only from a randomly sampled subset of all features (Fig. 3) . Testing each tree on the part of the data it has not seen during training prevents overfitting, i.e. an artificial adaptation to the observed data limiting generalizability of the RF. A more detailed description of the procedure can be found in the original literature (Breiman 2001) . The final prediction of the RF is obtained by aggregating all predictions from the individual trees (Fig. 3) .
While an RF is a very robust machine-learning approach, it would still be necessary to test it on a completely independent unseen dataset to estimate how well it generalizes. Unfortunately, such validation data Metabolic Networks: Sketch of the improvement in interpretability of metabolite networks when using full-order partial correlation (Gaussian graphical models) instead of ordinary correlation. Random Forest: Simplified scheme how a random forest is generated from the data and how the final decision is made. Two-stage cross-validation procedure: Each outer loop starts with splitting off the validation data from the remaining data that are further divided in a training set and a test set at each start of a training period. The training set is used to build a RF exploiting all features. Predictions are made on the test set and feature importance is measured as the Gini index. Training is repeated on different splits of the data and average importance (Imp.) for all features is computed. Afterward, a new RF restricted to the top i features (those with the highest mean Gini index) is build. It is trained on the combination of training and test data and employed to classify the validation data. Variable importance after each run is weighted by the achieved predictive performance using the area under the receiver-operating characteristic curve. RF, random forest.
are seldom available. To enable a robust feature selection and estimation of generalizability, one can employ a twostage cross-validation procedure (for cross-validation and bootstrap see, e.g. Kohavi 1995) . The procedure is detailed in Fig. 3 . Briefly, an inner loop is used for the feature selection and an outer loop estimates the generalized performance of the RF on data not used in the inner loop. By repeating each loop a sufficient number of times (depending on the data at hand), the performances can be averaged and model stability can be assessed straightforwardly.
Application to a human thyrotoxicosis model
We used the work flow described earlier to derive a TSHand FT 4 -independent molecular signature discriminating a thyrotoxic from a euthyroid state, i.e. robustly separating between samples collected at baseline and those obtained under L-T 4 treatment from the study described earlier . After several permutations of the data set, a robust classification of thyrotoxic samples with a subsample of 15 metabolites and proteins was achieved. Key biological entities were reflected within the final signature, e.g. β-oxidation and oxidative stress, the complement system and the coagulation cascade. Further, cysteine and its putative degradation intermediate 4-amino-2-hydroxybutyrate were among the strongest predictors providing a link to the very recent discovery of a direct TH effect on cystathionine generation (Hine et al. 2017) . The appearance of threonate replicates animal studies but has an uncertain biological meaning (Constantinou et al. 2011 , Montoya et al. 2013 .
A short notion on integrated OMICs
Apart from biomarker research as outlined in the previous section, the integration of OMICs layers for mechanistic insights is of particular interest. One possible path to do so using observational studies in humans could be the use of so-called Mendelian randomization analyses (Haycock et al. 2016) . Briefly, one uses thyroid-specific genetic instruments, e.g. SNVs previously identified to affect THs concentrations (see 'Genomics' section), as exposure and either the metabolite levels or comorbidities as outcome. A significant association implies a causal effect of variation in THs and the outcome of interest. Sequential testing at each entity, e.g. gene expression or protein measurements, might then pinpoint strongly relevant connections within and across OMICs conditioned on variations in THs. Candidate molecules could be identified by simple per-layer association studies or by experimental studies in cells or animals. Mendelian randomization, when appropriately carried out, is thought to overcome the most important drawbacks of observational studies, i.e. reverse causation and confounding (Haycock et al. 2016 ).
Besides such a thyroid-centric approach, the hypothesis-free integration of different OMICs data sets possesses numerous challenges and the interested reader is referred to more comprehensive reviews on this topic (Alyass et al. 2015) . Briefly, data are generated on different platforms with different scales and sources of measurement error complicating statistical analysis. Further, addition of OMICs layers steadily increases the number of variables thereby exceeding the number of observations by far ('curse of dimensionality'). How to cope with this challenge, e.g. by combination with prior biological knowledge as constraint for network construction or as a mapping object might provide fruitful topics for future research (Robinson & Nielsen 2016) .
Even manual curation of different OMICs publications, although work intensive, could provide valuable hypothesis. A TH-dependent suppression of the degradation of asymmetric dimethyl arginine was already named. Furthermore, the increased amount of transcripts specific for platelets following L-T 4 treatment (Massolt et al. 2017 ) might indicate an activated state and hence activation of the coagulation cascade, which well aligns with numerous observational studies. A more complex example might be given by use of kynurenine as key metabolite (Fig. 4) . The SNV rs11726248 was linked
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Figure 4
Outline of the intersection between metabolomics and genomics studies with respect to the thyroid state using the small molecule kynurenine as example. AADAT, kynurenine/alpha-aminoadipate aminotransferase; mGWAS, metabolome-wide genome-wide association study; SH2B3, SH2B adapter protein 3; SNV, single-nucleotide variant; T4, thyroxine; numbers in brackets indicate referenced publications. to higher FT 4 concentrations (Porcu et al. 2013) and AADAT was identified as the most likely candidate gene. AADAT encodes for kynurenine/alpha-aminoadipate aminotransferase, which catalyzes the transamination of kynurenine to kynurenate. Plasma kynurenine levels in turn are elevated under thyrotoxic conditions . The intersection between genetic and metabolomics studies could be further extended to the SH2B3 locus. More precisely, the SNV rs3184504, a missense variant within SH2B3, was shown to increase serum kynurenine levels (Shin et al. 2014) as well as to decrease the risk of developing hypothyroidism (Eriksson et al. 2012) . Although the exact biological mechanism has to be revealed in detail, summarization of already published studies provide a strong motivation to follow-up this hypothesis.
Conclusion
Current analytical techniques facilitate the identification of molecular alterations in less invasive specimens from humans, e.g. blood or urine. Such techniques, in particular metabolomics, are a growing field of research in the thyroid community and hold great promise to transfer experimental results to humans, identify biomarkers to complement and advance diagnosis and treatment of thyroid disorders and to identify novel factors important for adequate thyroid homeostasis. The combination of different OMICs layers along with sophisticated bioinformatics tools paves the way for important advancements in our understanding of the role of the thyroid for human metabolism.
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